Current Hi-C analysis approaches are unable to account for reads that align to multiple locations, and hence underestimate biological signal from repetitive regions of genomes. We developed mHi-C, a multi-read mapping strategy to probabilistically allocate Hi-C multi-reads. mHi-C exhibited superior performance over utilizing only unireads and heuristic approaches aimed at rescuing multi-reads on benchmarks. Specifically, mHi-C increased the sequencing depth by an average of 20% leading to higher reproducibility of contact matrices and larger number of significant contacts across biological replicates. mHi-C also revealed biologically supported bona fide promoter-enhancer interactions and topologically associating domains involving repetitive genomic regions, thereby unlocking a previously masked portion of the genome for conformation capture studies.
DNA is highly compressed in nucleus and organized into a complex three-dimensional structure. This compressed form brings distal functional elements into close spatial proximity of each other 1, 2 and has far-reaching influence on gene regulation. Changes in DNA folding and chromatin structure remodeling may result in cell malfunction with devastating consequences [3] [4] [5] [6] . Hi-C technique 7, 8 emerged as a high throughput technology for interrogating the three-dimensional configuration of the genome and identifying regions that are in close spatial proximity in a genome-wide fashion. Thus, Hi-C data is powerful for discovering key information on the roles of the chromatin structure in the mechanisms of gene regulation.
There are a growing number of published and well-documented Hi-C analysis tools and pipelines [9] [10] [11] [12] [13] [14] , and their operating characteristics were recently studied 15-17 in detail. However, a key and common step in these approaches is the exclusive use of uniquely mapping reads. Limiting the usable reads to only uniquely mapping reads underestimates signal originating from repetitive regions of the genome which are shown to be critical for tissue specificity 18 . Such reads from repetitive regions can be aligned to multiple positions ( Fig. 1a -left) and are referred to as multi-mapping reads or multi-reads for short. The critical drawbacks of discarding multi-reads have been recognized in other classes of genomic studies such as transcriptome sequencing (RNA-seq) 19 , chromatin immunoprecipitation followed by high throughput sequencing (ChIP-seq) 20, 21 , as well as genome-wide mapping of protein-RNA binding sites (CLIP-seq or RIP-seq) 22 . In this work, we developed mHi-C, a hierarchical model that probabilistically
allocates Hi-C multi-reads to their most likely genomic origins by utilizing specific characteristics of the paired-end reads of the Hi-C assay. mHi-C is implemented as a full analysis pipeline (https://github.com/keleslab/mHiC) that starts from unaligned read files and produces a set of statistically significant contacts at a given resolution.
For developing mHi-C and studying its operating characteristics, we utilized samples from: (i) a primary human fibroblast cell line (IMR90) 23 and (ii) three different asexual stages of the malaria parasite Plasmodium falciparum 3D7 24 . These samples represent different study designs and span a wide range of sequencing depths from both a large (⇠3B bp) and a small (⇠21M bp) genome. Before applying mHi-C model to these datasets and investigating biological implications, we established the substantial contribution of multi-reads to the sequencing depth. At read-end level (Supplementary Table 1 for terminology), after the initial step of aligning to the reference genome ( Supplementary Fig. 1 ), multi-reads constitute approximately 10% of all the mappable read ends (Supplementary Tables 2 and 3 ). Moreover, the contribution of multi-reads to the set of aligned reads further increases by an additional 1 to 2% when chimeric reads (Supplementary Table 1 ) are also taken into account (Supplementary Tables 4 and 5 ). Most notably, Supplementary Fig. 3 for IMR90 and Supplementary Figs. 4a,b for the P. falciparum demonstrate that multi-reads make up a larger percentage of usable reads compared to uniquely mapping chimeric reads that are routinely rescued in Hi-C analysis pipelines 12, 14 . At the read pair level, after joining of both ends, multi-reads increase the sequencing depth by 18% to 23% and thereby provide a substantial increase to the depth before the read pairs are further processed into bin pairs ( Fig. 1a -right, Supplementary Table 6 for IMR90 and Supplementary  Table 7 for the P. falciparum).
As part of the post alignment pre-processing steps, Hi-C reads go through a series of validation checking to ensure that the reads that represent biologically meaningful fragments are retained and used for downstream analysis (Supplementary Figs. 1 and 2, Supplementary Table 1) . mHi-C pipeline tracks multi-reads through these processing steps. Remarkably, in the application of mHi-C to both the IMR90 and P. falciparum datasets, a subset of the high quality multi-reads are reduced to uni-reads either in the validation step when only one candidate contact passes the validation screening, or because all the alignments of a multi-read reside within the same bin (Fig. 1b -left, Supplementary Table 1 and see Methods) . Collectively, mHi-C rescues 5% more valid read pairs (Fig. 1b -right ) that originate from multi-reads and are mapped unambiguously without carrying out any multi-reads specific procedure. Such 5% corresponds to millions of reads for deeper sequenced datasets (Supplementary Tables 8  and 9 ). For the remaining multi-reads (Fig. 1b -right , colored in red), mHi-C implements a novel multi-mapping model and probabilistically allocates them.
mHi-C generative model ( Fig. 1c and see Methods) is constructed at the bin-pair level to accommodate the typical signal sparsity of genomic interactions. The bins are either fixed-size non-overlapping genome intervals, 40kb for IMR90 and 10kb for P. falciparum in this paper, or fixed number of restriction fragments derived from the Hi-C protocol. We denote the observed alignment indicator vector for a given paired-end read i by vector Y i and use unobserved hidden variable vector Z i to indicate its true genomic origin. Contacts captured by Hi-C assay can arise as random contacts of nearby genomic positions or true biological interactions. mHi-C generative model acknowledges this feature by utilizing data-driven priors, ⇡ (j,k) for bin pair j and k, as a function of contact distance between the two bins. mHi-C updates these prior probabilities for each candidate bin pair that a multi-read can be allocated to by leveraging local contact counts. As a result, for each multi-read i, it estimates posterior probabilities of genomic origin variable Z i . Specifically, P r(Z i,(j,k) = 1 | Y i , ⇡) denotes the posterior probability, i.e., allocation probability, that the two read ends of multi-read i originate from bins j and k. These posterior probabilities, which can also be viewed as fractional contacts of multi-read i, are then utilized to assign each multi-read to most likely genomic origin. Our results in this paper only utilized reads with allocation probability greater than 0.5. This ensured the output of mHi-C to be compatible with the standard input of the downstream normalization and statistical significance estimation methods 11, 25 .
Before quantifying mHi-C model performance, we first provide direct visual comparison of the contact matrices between Uni-setting and Uni&Multi-setting. Fig. 1d and Supplementary  Figs . 5-7 clearly illustrate how multi-mapping reads fill in the low mappable regions and lead to more complete matrices, corroborating that repetitive genomic regions are under-represented without multi-reads. In addition to increasing the sequencing depth in extremely low contact bins, higher bin-level coverage after leveraging multi-mapping read pairs appears as a global pattern across the genome (Fig. 1e, Supplementary Fig. 8 for IMR90 and Supplementary Fig. 4c for P. falciparum). Overall, for the combined replicates of IMR90, 94.06% of the 40kb bins are covered by at least 50 contacts under the Uni&Multi-setting, compared to 93.54% under Unisetting, thereby allowing us to study 15.80Mb more of the genome. Those major improvements in coverage provide direct evidence that mHi-C is rescuing multi-reads that originate from biologically valid fragments.
In addition to direct comparison of the raw contact matrices, we also identified the set of significant contacts by Fit-Hi-C 11 and performed a focused comparison of the identified interactions. At 5% false discovery rate (FDR), mHi-C detects 20% -35% more novel significant contacts for relatively highly sequenced replicates, e.g., replicates 1 to 4 for IMR90 (red lines in Fig. 1f and Supplementary Fig. 9 ). The gains are markedly larger for smaller sequencing depth replicates, i.e., replicates 5 and 6 for IMR90 and the P. falciparum datasets (red lines in Supplementary Fig. 4d ). Overall gains in the number of novel contacts persist as the cutoff for mHi-C posterior probabilities of multi-read assignments varies. Furthermore, improvement in the number of significant contacts is more evident for the top contacts identified at the smaller FDR thresholds. At fixed FDR, significant contacts identified by the Uni&Multi-setting also include the majority of significant contacts inferred from the Uni-setting, indicating that incorporating multi-reads is extending the significant contact list (low level of blue lines in Fig. 1f , Supplementary Fig. 9 for IMR90 and Supplementary Fig. 4d for P. falciparum). In general, harnessing the multi-reads with posterior probability larger than 0.5 and controlling the FDR at 1%, Fit-Hi-C identifies 24.53% more significant contacts compared to Uni-setting (comparing dark green to dark purple bars in Supplementary Figs Supplementary Fig. 4e . We further confirmed this consistent power gain by a Receiver Operating Characteristic (ROC) and a Precision-Recall (PR) analysis ( Supplementary Fig. 12 ). Supplementary Fig. 12b illustrates that at the same false discovery rate (1-precision), mHi-C achieves consistently higher power (recall) than the Unisetting in addition to better AUROC performance ( Supplementary Fig. 12a ).
Before further investigating biological implications of mHi-C rescued multi-reads, we considered intuitive heuristic strategies for rescuing multi-reads at different stages of the Hi-C analysis pipeline as alternatives to mHi-C ( Fig. 1g and see Methods). Specifically, AlignerSelect and DistanceSelect rescue multi-reads by simply choosing one of the alignments of a multi-read pair by default aligner strategy and based on distance, respectively. In addition to these, we designed a direct alternative to mHi-C, named SimpleSelect, as a model-free approach that imposes genomic distance priors in contrast to leveraging of the local interaction signals of the bins by mHi-C (e.g., local contact counts due to other read pairs in candidate bin pairs). Reanalysis of the Hi-C datasets with these strategies suggests that AlignerSelect and DistanceSelect allocate more valid reads compared to SimpleSelect or mHi-C ( Supplementary  Fig. 13 ). However, the numbers of significant contacts detected by SimpleSelect and mHi-C exceed those identified by AlignerSelect and DistanceSelect consistently for all the replicates and across different FDR thresholds (Fig. 1h) . This indicates that AlignerSelect and DistanceSelect tend to select alignments of multi-reads that are due to random interactions; as a result, their gains in depth do not translate into more significant interactions. SimpleSelect, by-design, over-emphasizes the genomic distance in determining the origins of multi-reads and assigns multi-reads to short-range contact positions compared to mHi-C ( Supplementary Fig. 14) . The distance bias of simpleSelect is especially apparent in lower depth samples (Fig. 1i) . We evaluated the direct biological consequence of heavily biasing read assignment by genomic distance, as employed by SimpleSelect, by comparing the significant contacts among three life stages of P. falciparum. We reasoned that the better multi-reads allocation strategy would reveal a differential analysis pattern more consistent with the Uni-setting, whereas a genomic distance biased strategy -SimpleSelect -will underestimate differences since multi-reads will be more likely to be allocated to candidate bin pairs with shortest genomic distance regardless of other local contact signals. Supplementary Fig. 15 corroborates this drawback of SimpleSelect and demonstrates that mHi-C differential patterns agree better with that of the Uni-setting. More-over, Supplementary Fig. 15 suggests that rings stage is more similar to schizonts, an observation consistent with existing findings on P. falciparum life stages 24, 26 . Further comparisons between SimpleSelect and mHi-C are discussed in Methods and illustrate consistently better performance of mHi-C over SimpleSelect. We focus the remainder of our investigations on the downstream impact of mHi-C rescued multi-reads.
We assessed the impact of multi-reads rescued by mHi-C on the reproducibility from the point of both raw contact counts and significant interactions detected. First, we used the stratum-adjusted correlation coefficient 27 , a recent state-of-the-art approach for evaluating the reproducibility of Hi-C contact matrices. Fig. 2a demonstrates that integrating multi-reads leads to increased reproducibility and reduced variability of stratum-adjusted correlation coefficients among biological replicates. Next, we considered the degree of overlap among the significant contacts identified at 5% and 10% FDR across replicates ( Supplementary Fig. 16a ). We observed that significant contacts specific to Uni&Multi-setting have consistently higher reproducibility than those specific to Uni-setting across all pairwise comparisons. Since random contacts tend to arise due to short genomic distances between loci, we stratified the significant contacts based on distance and reassessed the reproducibility as a function of genomic distance between the contacts ( Supplementary Fig. 16b ). Notably, significant contacts identified only by the Uni-setting and those common to both settings have a stronger gradual descending trend as a function of the genomic distance, indicating decaying reproducibility for long range interactions. In contrast, Uni&Multi-setting maintains a relatively higher and stable reproducibility for longer genomic distances.
To further establish the biological implications of mHi-C rescued multi-reads, we investigated genomic features of novel contacts. Annotation of the significant contacts with ChromHMM segmentations from the Roadmap Epigenomics project 28 highlights marked enrichment of significant contacts in annotations involving repetitive DNA ( (Fig. 2c) . Notably, while we observe that multireads boost average number of significant contacts for biochemically active regions of the genome, they contribute more to regions that harbor H3K27me3 peaks ( We find that a significant impact of multi-reads is for detection of promoter-enhancer interactions. Overall, mHi-C identifies 14.89% more significant promoter-enhancer contacts at 5% FDR (Supplementary Table 10 ). Among them, 13,313 enhancer-promoter contacts are reproducible among six replicates for IMR90 under Uni&Multi-setting (Supplementary Table 11) and 62,971 reproducible for at least two replicates (Supplementary Table 12 ) leading to 15.84% more novel promoter-enhancer interactions specific to Uni&Multi-setting. Fig. 2d provides WashU epigenome browser 32 display of such novel highly reproducible enhancerpromoter interactions. Supplementary Fig. 21 depicts these interactions in more details across the 6 replicates with more examples in Supplementary Fig. 22 . We next validated the novel promoter-enhancer interactions by investigating the expression levels of the genes contributing promoters to these interactions. Fig. 2e supports that genes with significant interactions in their promoters generally exhibit higher expression levels (comparing bars 1-5 to bars 8-9 in Fig. 2e ). Furthermore, if these contacts involve an enhancer, the average gene expression can be 38.17% higher than that of the overall promoters with significant interactions (comparing bars 10-11 to bars 1-2 in Fig. 2e ). Most remarkably, newly detected significant promoter-enhancer contacts (bar 13 in Fig. 2e ) exhibit a stably higher gene expression level, highlighting that, without multi-reads, biologically supported promoter-enhancer interactions are underestimated. In addition, an overall evaluation of significant interactions (5% FDR) that considers interactions from promoters with low expression (TPM  1) as false positives illustrates that mHi-C specific significant promoter interactions have false positive rates comparable to or smaller than that of significant promoter interactions common to Uni-and Uni&Multi-settings (Supplementary Fig. 23 ). In contrast Uni-setting specific contacts have elevated false positive rates.
We also investigated the impact of mHi-C rescued multi-reads on the topologically associating domains (TADs) 33 . We used the DomainCaller 34 to infer TADs of IMR90 under both settings. Uni&Multi-setting identifies similar number of TADs compared to Uni-setting TADs ( Supplementary Fig. 24 ). We utilized TAD detection across individual replicates to evaluate power and false positive rates of both settings. Notably, even though TADs are stable structures even across species 34-36 , Uni&Multi-setting identifies 2.01% more reproducible TADs across replicates with 2.36% lower non-reproducible TADs ( Fig. 25d ), providing evidence for mHi-C driven modifications to these TADs and revealing a lower false discovery rate for mHi-C compared to Uni-setting ( Fig. 2h and Supplementary Fig. 25e ).
Hi-C data are powerful for identifying long-range interacting loci, chromatin loops, topologically associating domains (TADs), and A/B compartments 40 . Our Hi-C multi-mapping strategy, mHi-C, yields remarkable increase in sequencing depth. This translates into significant and consistent gains in reproducibility of the raw contact counts, identified significant contacts and promoter-enhancer interactions, and domain structures. In addition to discovering novel promoter-enhancer interactions, mHi-C provides a less biased assessment of Hi-C signal originating from highly repetitive regions.
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Correspondence keles@stat.wisc.edu. Percentage improvements in sequencing depths due to multi-reads becoming unireads are depicted on top of each bar. c. mHi-C modeling starts from the prior built by only uni-reads to quantify the relationship between random contact probabilities and the genomic distance between the contacts. This prior is updated by leveraging local bin pair contacts including both uni-and multi-reads and results in posterior probabilities that quantify the evidence for each potential contact to be the true genomic origin. d. Contact matrices of IMR90 combined replicates (rep1-6) are compared under Uni-setting and Uni&Multi-setting for chr2:105,000,000-142,000,000. White gaps of Uni-reads contact matrix, due to lack of reads from repetitive regions, are filled in by multi-reads, hence resulting in a more complete contact matrix. e. Bin-level contact counts under Uni&Multi-setting and Uni-setting (IMR90 rep 1). The dashed line is y = x. mHi-C rescues multi-reads from valid ligation fragments, resulting in significant increase in contact counts. f. Percentage change in the number of significant contacts: gained (red) and lost (blue) by the Uni&Multi-setting compared to the Unisetting (IMR90 rep 1). g. Intuitive heuristic strategies (AlignerSelect, DistanceSelect, SimpleSelect) for model-free assignment of multi-reads at various stages the of Hi-C analysis pipeline. SimpleSelect is designed as a direct model-free alternative to mHi-C. h. Numbers of significant contacts detected by different multi-read allocation strategies at different FDR thresholds. i. Comparison of genomic distance distributions of significant contacts between SimpleSelect and mHi-C for IMR90 rep5 (FDR < 0.001). Average number of significant contacts (5% FDR) identified by Uni-and Uni&Multi-setting for each chromHMM annotation category. c. Average number of significant contacts (5% FDR) across ChIP-seq peaks associated with different genomic functions. Red/Green labels denote smaller/larger differences between the two settings compared to the differences observed in the "Others" category that depict non-peak regions. d. mHi-C identifies novel significant enhancer-promoter contacts (green) that are reproducible among at least two replicates in addition to those reproducible under the Uni-setting (red). e. Average gene expression with standard errors for five different scenarios of interactions that group promoters into six different categories. In the first panel, significant interactions involving promoters are classified into five settings and the average gene expressions across genes with the corresponding promoters are depicted. Second panel involves two alignment settings and genes without any promoter interactions at 5% FDR. This panel is further separated into two categories: promoters that overlap with enhancer annotated regions and those that do not. The latter one serves as the baseline for average expression. Genes contributing to the third and fourth panel have promoter-enhancer, promoter-promoter interactions at 5% FDR. The fifth panel considers genes whose promoters have significant interactions with non-enhancer and non-promoter regions. Numbers in the parenthesis correpond to the number of transcripts in each category. f. Percentage of topologically associating domains (TADs) that are reproducibly detected under Uni-setting and Uni&Multi-setting. TADs that are not detected in at least 4 of the 6 replicates are considered as non-reproducible. g. Comparison of the contact matrices with superimposed TADs between Uni-and Uni&Multi-setting for chr10:72,550,000-97,550,000. TADs affected by white gaps involving repetitive regions are highlighed in light green. Gene tracks from GENCODE 41 followed by 24mer mappability tracks are displayed above each contact matrix. The third and fourth tracks are CTCF peaks from ENCODE 42 . Light green shaded areas correspond to new TAD boundaries. h. False discovery rate of TADs detected under two settings. TADs that are not reproducible and lack CTCF peaks at the TAD boundaries are labeled as false positives.
METHODS
Datasets Datasets utilized for evaluating mHi-C are a primary human fibroblast cell line (IMR90) 23 and three different asexual stages of the malaria parasite Plasmodium falciparum 3D7 24 with accession numbers GSE43070 (IMR90) and GSE50199 (Plasmodium falciparum) obtained from NCBI Gene Expression Omnibus 43 . IMR90 datasets have 36 bps paired-end reads while the read length for the Plasmodium falciparum datasets is 40 bps. These samples represent different study designs and span a wide range of sequencing depths from both a large and a small genome. Restriction enzymes, HindIII, which recognizes sequence AAGCTT, and MboI, which recognizes GATC, were used in the IMR90 and Plasmodium falciparum studies, respectively. Taking sequencing depths, genome sizes, and the distribution of restriction enzyme recognition sites on the genomes into consideration, we studied the interactions at the resolution of 40kb for IMR90 and 10kb for the P. falciparum.
mHi-C workflow
We developed a complete pipeline customized for incorporating high quality multi-mapping reads into the Hi-C data analysis work flow. The overall pipeline, illustrated in Supplementary Figs. 1 and 2 , incorporates the essential steps of the Hi-C analysis pipelines.
In what follows, we outline the major steps of the analysis to explicitly track multi-reads and describe how mHi-C utilizes them.
Read end alignment: uni-and multi-reads and chimeric reads. The first step in the mHi-C pipeline is alignment of each read end separately to the reference genome. The default aligner in the mHi-C software is BWA 44 ; however mHi-C can work with any aligner that outputs multi-reads. The default alignment parameters are (i) edit distance maximum of 2 including mismatches and gap extension; and (ii) maximum number of gap open of 1. mHi-C sets the maximum number of alternative hits saved in the XA tag to be 99 to keep track of multi-reads. If the number of alternative alignments exceed the threshold of 99 in the default setting, these alignments are not recorded in XA tag. We regarded these alignments as low quality multimapping reads compared to those multi-mapping reads that have relatively smaller number of alternative alignments. In summary, low quality multi-mapping reads are discarded together with unmapped reads, only leaving uniquely mapping reads and high quality multi-mapping reads for downstream analysis. mHi-C pipeline further restricts the maximum number of mismatches (maximum to be 2 compared to 3 in BWA default setting) to ensure that the alignment quality of multi-reads is comparable to that of standard Hi-C pipeline.
Chimeric reads, that span ligation junction of the Hi-C fragments ( Supplementary Fig. 1 ) are also a key component of Hi-C analysis pipelines. The ligation junction sequence can be derived from the restriction enzyme recognition sites and used to rescue chimeric reads. mHi-C adapts the pre-splitting strategy of diffHiC 14 , which is modified from the existing Cutadapt 45 software. Specifically, the read ends are trimmed to the center of the junction sequence. If the trimmed left 5 0 ends are not too short, e.g., 25 bps, these chimeric reads are remapped to the reference genome. As the lengths of the chimeric reads become shorter, these reads tend to become multi-reads.
Valid fragment filtering. While each individual read end is aligned to reference genome separately, inferring interacting loci relies on alignment information of paired-ends. Therefore, read ends are paired after unmapped and singleton read pairs as well as low quality multimapping ends ( Supplementary Fig. 1 and Supplementary Table 1 ) are discarded. After pairing, read end alignments are further evaluated for their representation of valid ligation fragments that originate from biologically meaningful long-range interactions (Supplementary Fig. 1 ). First, reads that do not originate from around restriction enzyme digestion sites are eliminated since they primarily arise due to random breakage by sonication 46 . This is typically achieved by filtering the reads based on the total distance of two read end alignments to the restriction site. We required the total distance to be within 50-800 bps for IMR90 and 50-500 bps for P.
falciparum. The lower bound of 50 for this parameter is motivated by the chimeric reads with as short as 25 bps on both ends. Second, a single Hi-C interaction ought to involve two restriction fragments. Therefore, read ends falling within the same fragment, either due to dangling end or self-circle ligation, are filtered. Third, because the nature of chromatin folding leads to abundance of random short-range interactions, interactions of two regions that are too close in genomic distance are highly likely to be random interaction without regulatory implications. As a result, reads with ends aligning too close to each other are also filtered. mHi-C uses the twice the resolution rule, namely 80kb for IMR90 and 20kb for P. falciparum. Notably, as a result of this valid fragment filtering, some multi-mapping reads can be counted as uniquely mapping reads (Supplementary Table 1 -2b) . This is because, although a read pair has multiple potential genomic origins dictated by its multiple alignments, only one of them ends up passing the validation screening. Once the multi-mapping uncertainty is eliminated, such read pairs are passed to the downstream analysis as uni-reads. We remark here that standard Hi-C analysis pipelines do not rescue these multi-reads.
Duplicate removal. To remove PCR duplicates, mHi-C considers the following two issues. First, due to allowing maximum number of 2 mismatches in alignment, some multi-reads may have the exact same alignment position and strand direction with uni-reads. If such duplicates arise, uni-reads are granted higher priority and the overlapping multi-reads together with all their potential alignment positions are discarded completely. This ensures that the uni-reads that arise in standard Hi-C analysis pipelines will not be discarded as PCR duplicates in the mHi-C pipeline. Second, if a multi-mapping read alignment is duplicated with another multiread, the read with smaller alphabetical read query name will be preserved. More often than not, if multi-read A overlaps multi-read B at a position, then it is highly likely that they will overlap at other positions as well. This convention ensures that it is always the read pair A alignments that are being retained (Supplementary Fig. 2 ).
Genome binning. Due to the typical limited sequencing depths of Hi-C experiments, reference genome is divided into small non-overlapping intervals, i.e., bins, to secure enough number of contact counts across units. The unit can be fix-sized genomic intervals or a fixed number of consecutive restriction fragments. mHi-C can switch between the two unit options with ease. After binning, the interaction unit reduces from alignment position pairs to bin pairs.
Remarkably, multi-mapping reads, ends of which are located within the same bin pair, reduce to uni-reads as their potential multi-mapping alignment position pairs support the same bin pair contact. Therefore, there is no need to distinguish the candidate alignments within the same bin ( Supplementary Fig. 2 and Supplementary Table 1 -3b) .
mHi-C generative model and parameter estimation. mHi-C infers genomic origins of multi-reads at the bin pair level (Supplementary Table 1) . We denoted the whole alignment vector for a given paired-end read i by vector Y i . If the two read ends of read i align to only bin j and bin k, respectively, we set the respective components of the alignment vector as:
N is total number of valid Hi-C reads, including both uni-reads and multi-reads that pass the essential processing in Supplementary Figs. 1 and 2 . Overall, the reference genome is divided into M bins and j represents the bin index of the end, alignment position of which is upstream compared to the other read end position indicated by k. Namely, j takes on a value from 1 to M 1 and k runs from j + 1 to the maximum value M . For uniquely mapping reads, only one alignment is observed, i.e.,
However, for multi-mapping reads, we have
We next defined a hidden variable Z i,(j,k) to denote the true genomic origin of read i. If read i originates from position bin pairs j and k, we have Z i,(j,k) = 1. In addition, a read can only originate from one alignment position pair on the genome; thus,
Z i,(j,k) = 1 for both uni-and multi-reads. We define O i = {(j, k): Z i,(j,k) = 1} to represent true genomic origin of read i and S O i as the set of location pairs that read pair i can align to. Hence, Y i,(j,k) = 1, if (j, k) 2 S O i . Under the assumption that the true alignment can only originate from those observed alignable positions, O i must be one of the location pairs in S O i . We further assume that the indicators of true origin for read i, Z i = (Z i, (1, 2) , Z i, (1,3) , ..., Z i,(M 1,M ) ) are random draws from a Dirichlet -Multinomial distribution. Specifically,
where ⇡ (j,k) can be interpreted as contact probability between bin j and k (j < k). We further assume that
where M ) ) and (j,k) is a function of genomic distance and quantifies random contact probability. Specifically, we adapt the univariate spline fitting approach from Fit-Hi-C 11 for estimating random contact probabilities with respect to genomic distance and set (j,k) = Spline(j, k)⇥N +1. Here, N is the total number of valid reads as defined above and Spline(j, k) denotes the spline estimate of the random contact probability between bins j and k. Therefore, Spline(j, k) ⇥ N is the average random contact counts (i.e., pseudo-counts) between bin j and k. As a result, the probability density function of ⇡ can be written as:
We next derive the full data joint distribution function. Lemma 1. Given the true genomic origin under the mHi-C setting, the set of location pairs that a read pair can align to will have observed alignments with probability 1.
Proof.
Based on Lemma 1, we can get the joint distribution P (Y, Z|⇡) as
Using the Dirichlet-Multinomial conjugacy, we derive the posterior distribution of ⇡ as
We next derive an Expectation-Maximization algorithm for fitting this model.
Estimate of the contact probability ⇡ (j,k) in the M-step can be viewed as an integration of local interaction signal, encoded in P
i,(j,k) , and random contact signal due to prior, i.e., Spline(j, k) ⇥ N .
The by-products of the EM algorithm are posterior probabilities, P(Z i,(j,k) = 1 | Y i , ⇡), which are utilized for assigning each multi-read to the most likely genomic origin. To keep mHi-C output compatible with the input required for the widely used significant contact detection methods, we filtered multi-reads with maximum allocation posterior probability less than or equal to 0.5 and assigned the remaining multi-reads to their most likely bin pairs. This ensured the use of at most one bin pair for each multi-read pair. We repeated our computational evaluations by varying this threshold on the posterior probabilities to ensure robustness of the overall conclusions to this threshold.
Software availability mHi-C pipeline is implemented in Python and accelerated by C. The source codes and instructions for running mHi-C are publicly available at https://github. com/keleslab/mHiC. Each step is organized into independent script with flexible userdefined parameters and implementation options. Therefore, analysis can be carried out from any step of the work-flow and easily fits in high performance computing environments for parallel computations.
Assessing false positive rates for significant contacts and TADs identification under the Uni-and Uni&Multi-settings To quantify false positive rates of the Uni-and Uni&Multi-settings, at the significant contact level, we defined true positives and true negatives by leveraging deeply sequenced replicates of IMR90 dataset (replicates 1-4). Significant contacts reproducibly identified across all four replicates at 0.1% FDR by both the Uni-and Uni&Multi-settings were labeled as true positives (i.e., true interactions). True negatives were defined as all the contacts that were not deemed significant at 25% FDR in any of the four replicates. We then evaluated significant contacts identified by smaller depth replicates 5 & 6 with ROC and PR curves (Supplementary Figs. 12 ) by using these sets of true positives and negatives as the gold standard. To quantify false positive rates at the topologically associating domains (TADs) level (Fig. 2h) , we utilized TADs that are reproducible in more than three replicates of IMR90 dataset and/or harbor CTCF peaks at the boundaries as true positives. The rest of the TADs are supported neither by multiple replicates nor by CTCF, hence are regarded as false positives.
Model-free multi-reads allocation strategies The simplified and intuitive strategies depicted in Fig. 1g correspond to rescuing multi-reads at different essential stages of the Hi-C analysis pipeline. AlignerSelect relies on the base aligner, e.g., BWA, to determine the primary align-ment of each individual end of a multi-read pair. DistanceSelect enables the distance prior to dominate. It selects the read end alignments closest in the genomic distance as the origins of the multi-read pair and defaults to the primary alignment selected by base aligner for interchromosomal multi-reads. Finally, SimpleSelect follows the overall mHi-C pipeline closely by making use of the standard Hi-C validation checking and binning procedures. For the reads that align to multiple bins, it selects the bin pair closest in the genomic distance as the allocation of the multi-read pair. Bin-pair allocations for inter-chromosomal multi-reads are set randomly in this strategy.
We designed SimpleSelect as a model-free alternative approach to mHi-C. When we evaluated SimpleSelect assignments, we observed that a large fraction of these were assigned low posterior probabilities by the mHi-C model that leverages both the distance prior and the local contact counts (Supplementary Fig. 32) . A direct comparison of the mHi-C allocation probability of each multi-read assignment from the two approaches exhibits agreement along the diagonal, indicating that mHi-C is able to capture contact distance impact similar to SimpleSelect for 31 to 41% of the multi-reads and, in addition, highlights leveraging of local signals by mHi-C to designate the rest of the multi-reads to more probable regions in the off-diagonal triangle ( Supplementary Fig. 33 ).
Evaluating reproducibility Reproducibility in contact matrices was evaluated using HiCRep in the default settings. We further assessed the reproducibility in terms of identified contacts by grouping the significant contacts into three categories: contacts only detected under Uni-setting, contacts unique to Uni&Multi-setting, and contacts that are detected under both settings. The reproducibility is calculated by overlapping significant contacts between every two replicates and recording the percentage of interactions that are also deemed significant in another replicate ( Supplementary Fig. 16 ).
Chromatin states of novel significant contacts We annotated the novel significant contacts with the 15 states ChromHMM segmentations for IMR90 epigenome (ID E017) from the Roadmap Epigenomics project 28 . All six replicates of IMR90 are merged together in calculating the average enrichment of significant contacts among the 15 states (Fig. 2b) .
ChIP-seq analysis ChIP-seq peak sets for IMR90 cells were obtained from ENCODE portal (https://www.encodeproject.org/) and GEO 43 . Specifically, we utilized H3K4me1 (ENCSR831JSP), H3K4me3 (ENCSR087PFU), H3K36me3 (ENCSR437ORF), H3K27ac (ENCSR002YRE), H3K27me3 (ENCSR431UUY) and CTCF (ENCSR000EFI) from the EN-CODE project and p65 (GSM1055810), p300 (GSM1055812) and PolII (GSM1055822) from GEO 43 . In addition, raw data files in fastq format were processed by Permseq 21 utilizing
DNase-seq of IMR90 (ENCODE accession ENCSR477RTP) to incorporate multi-reads and, subsequently, peaks were identified using ENCODE uniform ChIP-seq data processing pipeline (https://www.encodeproject.org/pages/pipelines/#DNA-binding WashU epigenome browser 32 for depicting contact matrices and interactions, respectively, throughout the paper.
